In this paper, we present our study on investigating the effect of music for sleep induction and wake-up. Unlike existing studies that mostly focused on understanding how specific types of music affect sleep for insomnia patients or older people in laboratory conditions, we aim to study the effect of pop music with respect to the musical features on both sleep and wake-up of young adults without serious sleep disorder in the real-world environment. We conduct two extensive experiments, for which we carefully design a system consisting of hardware and software components for reliable data collection. Our analysis focuses on what types of musical features are effective for fast sleep induction and wake-up. Furthermore, we present two application scenarios of sleep music recommendation based on our findings.
I. INTRODUCTION
Sleep is one of the most vital states of mind and body, which takes about one third of human life. It allows many of the body's systems to recover, thus sufficient amount and quality of sleep are critical for the healthy states and operations of brain and body during wakefulness. Unfortunately, many people occasionally or continuously experience sleep disturbance and disorder, which significantly lower the quality of life. One direction of research focuses on monitoring users during sleep mainly for diagnostic purposes [1] - [6] , while another direction of research attempts to help people improve quality of sleep [7] - [9] .
In particular, music listening has been considered as an effective way to alleviate the sleep disturbance problem. There have been several studies that have examined the efficacy of music for sleeping (see Table 1 ). In summary, the existing studies showed that music can enhance the sleep quality by decreasing blood pressure, heart rate, respiratory rate, and even anxiety, and reducing the sympathetic nervous system activity.
Several studies were particularly interested in using music for older people, because the problem of sleep disorder is more serious in the senior group. In [10] , it was found that for older women with insomnia, the bedtime use of music The associate editor coordinating the review of this manuscript and approving it for publication was Charith Perara. chosen by the subjects was beneficial for decreasing time to sleep onset and the number of nighttime awakenings. Some other studies also found benefits of sedative music [11] - [13] and religious music [14] for older people with sleep disorder.
Studies showed that music is effective for improving sleep quality of adults with or without sleep disorder. In [15] , listening to music chosen by the subjects in bedtime provided higher pleasantness while falling asleep for university students. Similarly, the study in [16] showed that classic or ambient music was helpful to improve perceived sleep quality for university students. In [17] , listening to sedative piano music lengthened deep sleep for young adults having long sleep latency. For adults with sleep disorders, similar positive effects of music on sleep were demonstrated [18] - [20] .
Some studies considered specific patient groups. It was shown that music is effective for better sleeping quality for depression patients [21] , schizophrenia patients [22] , and patients in ICU [23] .
Although the aforementioned studies have investigated various aspects of the effect of music on sleep, there still exist research questions unanswered, which are focused in our work. First, it is still unclear what types of music are helpful for sleep in a quantitative manner. Almost all existing studies use sedative or soothing music, which is characterized by slow tempo and smooth melody [26] , because it is expected to calm down mental states and reduce physical and physiological activities. However, music can be characterized in many aspects (e.g., tempo, melody, harmony, lyrics, rhythm, complexity, etc.), and how sleep is affected by these aspects has not been investigated. Second, we argue that not only ''falling asleep well'' but also ''waking up well'' are important issues. In many cases, the mood right after wake-up tends to significantly influence the quality of life during the day. However, the aforementioned existing studies are concerned only with the former, and studies related to the latter are rarely found.
In this paper, we present our study on investigating the relationship between sleep and music. Distinguished contributions of our work can be summarized as follows.
• We performed extensive experiments in order to investigate the effects of music on sleep. Our experiments took 27 days and involved 50 subjects and 210 popular music clips in total. We particularly targeted young adults who did not necessarily have diagnosed sleep disorder but often struggled with sleep shortage. In addition, while many existing studies conducted laboratory-based experiments due to the convenience of experimental controls, our experiments were conducted in real life of the subjects in order to facilitate comfortable and real sleeping experience. In order to control the experiments efficiently and collect sleep data and user feedback reliably, we relied on the wearable and mobile technologies. We built a dedicated system for this purpose. This approach has an additional advantage in that the two applications demonstrated in this paper are practically plausible.
• In our experiments, we addressed not only the process to falling asleep but also the process to wake up, so that we consider the complete cycle of sleep.
• We investigate the musical characteristics that are effective for falling asleep and waking up. In particular, we quantitatively measure musical aspects such as genre, tempo, tonality, key clarity, and energy, and attempt to identify which aspects are important to distinguish effective music.
• Based on the findings of our experiments and analysis, we present two applications of music recommendation for sleep. One is to predict the effectiveness of a particular music clip for a particular user's sleep based on the music signal features and personal features. The other is to recommend particular music clips effective for sleep for a user based on the collaborative filtering approach. These applications will demonstrate the practical significance of our findings. The remainder of the paper is organized as follows. Section II presents the results of the preliminary on-line survey that we conducted. In Section III, we describe how we designed our main experiments. Then, we explain the first experiment in detail in Section IV, including the procedure, subjects, data processing, and results. The details of the second experiment is explained in Section V. Section VI demonstrates two practical use cases based on the findings of the experiments. Finally, concluding remarks are given in Section VII.
II. PRELIMINARY SURVEY
Before the main experiments, we conducted a preliminary on-line survey in order to obtain basic understanding regarding music listening and sleep behaviors of general people. In total, 65 adults participated in the survey consisting of questionnaire related to music listening during falling asleep and during waking up.
All the subjects answered that they liked music. About a half (31 out of 65) listened to music everyday, and only one subject listened to music less than once per week.
Regarding music listening during falling asleep, 21.5% of the subjects (14 out of 65) answered that they listened to music to sleep. Most of them (13 out of 14) slept alone without partners or children, which would be a convenient environment for music listening in bed. More than a half preferred calm music (9 out of 14). All of them liked music, and listened to music frequently in daily life. They also thought that music listening in bed is helpful for sleeping.
A majority of the subjects (73.8%, 43 out of 65) answered that they used ringtone alarm when they woke up. Only 16.5% (11 out of 65) relied on music for wake-up. All of them thought that music is helpful for wake-up. Many of them listened to fast music (9 out of 11) and loud music (7 out of 11).
These results show that music listening is not so popular for both sleep and wake-up, unlike music listening in daily life. The musical features used for sleeping and wake-up are opposite, i.e., calm music for the former and fast/loud music for the latter.
III. EXPERIMENT DESIGN
We conducted two experiments to measure the sleep latency and wake-up latency with music listening for multiple subjects over multiple days. The sleep latency is the length of time that it takes to fall asleep since one climbs up to bed, and the wake-up latency is the length of time that it takes to wake up since an external stimulus is given. The two experiments differ from each other only in terms of stimulus conditions. Therefore, common hardware and software system and basic experimental procedure were used for collecting data, which are explained in this section. Fig. 1 shows how the hardware and software components are organized in our experiments. Each subject used a smartwatch, a smartphone, and environmental sensors. The smartwatch communicated with the manufacturer's server through a manufacturer's app to store sleep pattern data, which were imported to our server. The smartphone sent sensors' data and music logs to our server through our custom app. 
A. HARDWARE AND SOFTWARE SYSTEM

1) SMARTWATCH
We chose the Basis Peak to collect subjects' physiological data and sleep pattern data, which could measure the heart rate, Galvanic skin resistance (GSR), skin temperature, and air temperature. It was the only device that could measure all these types of data at that time; moreover, it could be charged within a shorter time and last longer than its competitors. The measured signals were only sent to the Basis server through the Basis app (not our custom app) running on the smartphone, and were not available for direct access. The Basis server processed raw data and produced organized data including the average heart rate for one minute, sleep status (i.e. sleeping or awake), etc. We built a data crawler to import those data from the Basis server.
2) ENVIRONMENTAL SENSORS
Note that our experiments were conducted not in the laboratory environment but in the wild, thus we needed some ways to monitor whether each subject was following the experimental protocol properly. For this, we used the environmental sensor device, CC2650STK by Texas Instruments, which was equipped with an illumination sensor, a digital microphone, a magnetic sensor, a humidity sensor, a pressure sensor, an accelerometer, a gyroscope, a magnetometer, an object temperature sensor, and an ambient temperature sensor. The measured data were sent to our server through our experiment app running on the smartphone via Bluetooth. This device had several advantages for our experiments; (1) it was small enough, (2) its Android API was well provided, and (3) it ran on an easy-to-replace CR2032 battery.
Two devices were given to each subject; one was to put on the blanket, and the other under the blanket. The environmental data were measured at every 10 seconds.
3) APPS AND SERVER
We designed and implemented our custom app and each subject installed the app on her/his smartphone. The app collected illumination, humidity, and temperature data measured by the environmental sensor devices at every 10 seconds. The subjects' other data including the music playback log, survey results, and wake-up alarm time were also collected.
All collected data were sent to our server, which was built using Node.js 0.12.2 and MongoDB 3.0.3 on top of Ubuntu 14.04 LTS. It also collected subjects' physiological data from the Basis server through the data crawler once per day.
B. SUBJECTS
In both experiments, subjects were recruited using online bulletin boards and online communities. Since patterns of sleep and mobile device usage for music listening tended to be significantly different depending on the age group, we limited our experiments to target young adults of 20s to 30s who used music streaming services. The gender balance was also considered so that one gender did not exceed 60% of all subjects in each experiment. We also excluded those who were pregnant or had a chance of becoming pregnant, had neurological or psychiatric history, or had taken antidepressant or hypnotic drugs in the past three months.
We recruited subjects separately for each experiment.
C. PROTOCOL
Once subjects were recruited and signed consent forms, we installed the experiment app on each subject's smartphones. After distributing a smartwatch and environmental sensors to each subject, we conducted a tutorial for the experiment. The subjects were instructed to proceed the following steps when they went to bed. 1) Turn off the light and lay down on the bed.
2) Place the environmental sensors, one on the blanket and the other under the blanket. 3) Run the experiment app ( Fig. 2a ). 4) Set the alarm for wake-up ( Fig. 2b ). 5) Answer the survey questions ( Fig. 2c ). After completing these steps, the music was played in a predefined order. The music playback log data and the environmental sensor data were sent to our server through the app.
The wake-up experiment started with the alarm sound. The subject woke up and stopped the alarm and answered the questionnaire (Fig. 2d ).
D. DATA FILTERING
Since the experiments were conducted in the real-world environment, it was inevitable to have situations where the experimental protocol was not followed properly. To remove these cases, we filtered the data. In detail, we removed the data corresponding to the case where for a certain day,
• a subject was sick, which was identified by the survey response,
• a subject could not sleep well due to external disturbance such as mosquitoes or roommates, which was also identified by the survey response, • a subject did not turn on the experiment app before sleep, • a subject did not sleep within an hour after the music started, or
• a subject did not turn off the light when she/he went to bed, which was identified by the environmental sensor signal.
IV. EXPERIMENT I A. GOAL
First, we aimed to verify that music is effective for sleep in general. As shown in Table 1 , most of the previous work showed the effectiveness of calm and sedative instrumental music. In contrast, we used pop music with voices that people usually listen in their daily lives. Second, if music was founded to be effective for sleep, we wanted to identify what types of music were more (or less) effective. Among various musical features that could characterize songs, we chose to test the tempo and mode of music (major/minor key), which were likely to influence significantly during sleep. Third, we aimed to verify that music was effective for wake-up in general. As aforementioned in the introduction, no previous work proved or disproved the effectiveness of music for wake-up.
Fourth, we aimed to identify what types of music were effective for wake-up. As in the case of music for sleep, the tempo and mode of music were examined.
B. STIMULI SELECTION
We selected the songs for the experiment based on the music streaming log data of a streaming service in Korea for one year. First, we extracted the songs popularly played during the night time (2 to 3 a.m.) and during the morning (8 to 9 a.m.), from which we chose the songs for sleep and wakeup, respectively. Then, we sampled some of them to include songs with diverse characteristics in terms of specific musical features.
As for the musical features, we focused on the tempo and mode of the songs in experiment I. The tempo is a measure of fastness of songs, which can be described by beats per minute (BPM).
The mode describes a tonality aspect of the songs, i.e., major vs. minor. The song in a major key typically induces a bright and joyful feeling, and the song in a minor key tends to have a sad and dark mood.
We used the MIRtoolbox [27] to extract the tempo and mode of each candidate song. The mode of a song is represented as a numerical value between -1 and 1, where a positive (negative) value indicates that the given song is major (minor).
We considered only the songs with vocal tracks. The number of songs by a particular artist was limited to three. Furthermore, heavy metal and hip hop songs were not considered as sleep music, because they would obviously impede sleep induction. In total, 100 and 50 songs were selected as sleep music and wake-up music, respectively. They were further divided into groups in the tempo-mode plane for analysis, as shown in Fig. 3 . Each group contains 10 and 5 songs for sleep music and wake-up music, respectively. The average total lengths of the sleep music groups and wake-up music groups were 39.2 and 19.5 minutes, respectively. The average tempo and mode values for each group are summarized in Table 2 . The songs in each group were played together in a day.
In addition to the selected songs, a group of natural sound and a dummy group of random songs were also considered for sleep music, and five groups of non-vocal alarm sounds were used for wake-up music.
C. EXPERIMENTAL PROCEDURE
By following the procedure explained in Section III-B, We recruited 25 subjects (13 males and 12 females). Their age range was 19 to 31 with mean of 25.1, and a standard deviation of 3.2.
The experiment lasted for 15 days. On each day during sleep, the subjects listened to one of the sleep sound stimulus groups (among 10 sleep song groups, one natural sound group, and one random song group); for the other three days, no music condition was applied. Similarly, on each day during wake-up, one group of wake-up sound stimuli (among 10 wake-up song groups and five groups of non-vocal alarm sounds) was played. Note that the order of groups and the order of songs in each group were all randomized for each subject.
The experimental protocol described in Section III-C was used to conduct the experiment.
D. RESULTS AND ANALYSIS
The effectiveness of a group of sound stimuli for sleep is evaluated in terms of the elapsed time to sleep. Table 3 shows the raw and normalized sleep induction time of each group. We normalize the elapsed time of each group with respect to the elapsed time without music for each subject in order to minimize the effect of subject-specific sleep behaviors. The normalized sleep induction time less than 1 means that the group is effective in shortening the sleep induction. The result confirms that listening to some types of music is helpful to enhance sleep induction in comparison to the case without sound stimuli.
In particular, the tempo plays the primary role in determining the effectiveness of a song for sleep induction. Group 2-4 shows the maximum sleep time reduction of 22.7%; the normalized induction time is 0.772. Group 2-3 also reduces the sleep induction time slightly.
Fast songs having positive mode values (groups 1-1, 1-2, and 1-3) tend to result in longer sleep induction time than fast songs having negative mode values (groups 4-1 and 4-2). Also, for slow songs, those having positive mode values (groups 2-1 and 2-2) tend to result in longer sleep induction time than those having negative mode values (groups 2-3, 2-4 and 3-0). However, for slow songs those having moderately positive mode values (groups 2-3 and 2-4) appear to be more effective than those having negative mode values (groups 3-0). Therefore, we conclude that the mode also has an effect on sleep, and we decide to consider the mode again in experiment II. Table 4 shows the p-values of the paired t-tests. There are seven cases showing statistical significance (bold numbers in Table 4 ). Five comparisons between slow and fast tempo groups are statistically significant; (2-1, 1-3), (2-2, 1-1), (2-4, 4-1), (3-0, 1-1), and (3-0, 2-1). Among comparisons between positive and negative mode song groups, three pairs show statistical significance; (2-1, 3-0), (2-4, 4-1) and (3-0, 1-1).
Although some existing studies also report that slow music is helpful for reducing sleep onset latency in comparison to the no music condition for people having sleep disorder [10] , [11] , our results extend them by showing that (1) the same applies to young adults without sleep disorder and (2) fast major music disturbs falling asleep significantly. In Table 5 , the time to wake up for each group is shown.
First, it appears that most of the groups are effective than the alarm sound. Only the songs in group 3-0, which have slow tempos and minor modes, increased the wake-up time in comparison to the alarm sound.
Next, we analyze the effectiveness of each song for sleep and wake-up. For sleep, songs played during 10 minutes before the sleep onset are regarded as being effective. Therefore, if a subject listened to n songs before falling asleep, the effectiveness score of song k (k = 1, 2, . . . , n) is defined as
In other words, the three songs at maximum right before falling asleep have nonzero scores. Fig. 4 shows the ten songs having the highest effectiveness scores and the ten songs having the lowest effectiveness scores in the tempo-mode plane. As in the group-based analysis, the tempo appears to be the key for a song to be effective for sleep. Nine among the ten songs with the lowest effectiveness scores are faster than 80 BPM, and eight among the ten songs with the highest effectiveness scores are slower than 80 BPM. The modes of the songs with the highest effectiveness scores are slightly biased toward major keys, although the distinction between the songs with the highest and lowest effectiveness scores is not as clear as in the case of the tempo.
While sleep induction may be interrupted by some songs, all wake-up songs somehow help subjects wake up, and thus songs with low effectiveness scores for wake-up are not defined. Instead, we consider the songs that contribute to wake-up more than two times as effective wake-up songs. As a results, 16 songs are identified, which are shown in Fig. 5 in the tempo-mode plane. It is observed that the tempo plays an important role, i.e., 11 among 16 songs have tempos faster than 80 BPM.
In summary, the following conclusions can be made from experiment I. Some types of music are helpful for sleep induction in comparison to no music condition. The tempo plays the most important role, and songs with slow tempos can reduce sleep induction time. The mode also influences the sleep induction, i.e., positive modes together with fast tempos seem to be helpful, although its effect is less conclusive than the tempo. For wake-up, music appears to be more effective than alarm sounds. In particular, fast music can significantly reduce the wake-up time.
V. EXPERIMENT II A. GOAL
First, we aimed to explore musical features other than the tempo and mode for sleep and wake-up. After analyzing the candidate features for the song used in experiment I, the results were used to select the song for experiment II.
Second, we wanted to examine the consistency of the positive or negative effect of songs for sleep and wake-up. Thus, we designed the experiment to play each group of songs repeatedly for two days.
Third, we further compared sleep music effect between pop music and instrumental music.
Finally, we re-validated the finding from experiment I that some types of music is effective for reducing sleep onset latency in comparison to the case without sound stimuli.
B. STIMULI SELECTION
In experiment I, it was revealed that songs with slow tempos are effective for sleep, whereas those with fast tempos are effective for wake-up. Therefore, we considered only the songs having tempos smaller than 100 BPM for sleep music and larger than 100 BPM for wake-up music in experiment II. The mode also showed influence particularly on sleep induction to some extent, which was not sufficiently clear, so the mode was considered again in experiment II.
We examined five additional musical features other than tempo and mode [27] :
• Harmonic change detection function (HCDF): Harmonic changes of a given song are measured based on the flux of tonal centroids [28] . The song is decomposed into frames, then the tonal centroid of each frame is obtained from its log-frequency spectrum. The average Euclidean distance between the tonal centroids of successive frames is employed to describe the harmonic changes of the given song.
• Irregularity: The squared amplitude differences of successive spectral peaks are calculated to represent the degree of variation of the given song. The sum of the squared differences is obtained for each frame, and the average is taken for the entire song.
• Key clarity: This measures the strength of main key, which is calculated as the sum of powers of the main key and its neighboring keys.
• Peak: This is defined as the Mel-band frequency that shows the highest magnitude in the Mel spectrum.
• Energy: The root mean square (RMS) energy of the given song is computed. This measures the overall energy of the song. We analyzed the wake-up songs used in experiment I in terms of these five features. The discriminating power of each feature was evaluated using the Fisher criterion J , which is defined as:
where m and s indicate the mean and standard deviation of the feature values, respectively, for the songs showing high or low effectiveness. The larger Fisher criterion is, the more discriminative the feature is. The measured Fisher criterion values were 0.002, 0.057, 0.001, 0.045, and 0.004 for the HCDF, irregularity, key clarity, peak, and average RMS energy, respectively. Thus, the irregularity appears as the most discriminative. Specifically, the effective songs had relatively higher irregularity values than the non-effective songs. Therefore, we considered the irregularity as the musical characteristic to be examined for wake-up songs, where the reference value for grouping was set as the average irregularity of the wake-up songs of experiment I (i.e., 0.66).
In the case of the sleep songs, the Fisher criteria of the effective and the non-effective songs were similar for all the five features. Therefore, the following analysis was conducted instead. Fig. 6 shows the feature values with respect to the effectiveness score for the sleep songs used in experiment I, where the top 10% songs are marked with red circles. The figure shows that the key clarity features of the effective songs concentrate within a relatively small range so that they have the potential to be used to distinguish effective songs. The ratios of the distributed ranges between the effective and non-effective songs are 0.567, 0.423, 0.300, 0.506, and 0.274 for the HCDF, irregularity, key clarity, peak, and average RMS energy, respectively. Here, the low ratio for the RMS energy is largely due to a few outlier points. Therefore, we selected the key clarity as the additional musical characteristic to be explored in experiment II and selected the sleep songs for experiment II from a wide range of key clarity. The reference value of key clarity for selecting sleep songs in experiment II was set to 0.60, which was the average key clarity of sleep songs of experiment I. The songs for experiment II were selected from Korean pop songs in the 2000s and 2010s. Ten songs for sleep were selected in each quadrant of the mode-key clarity plane. Similarly, five songs for wake-up were selected in each quadrant of the mode-irregularity plane. Thus, in total 40 songs for sleep and 20 songs for wake-up were selected, which are shown in Fig. 7 .
In addition, ten instrumental songs were also employed to verify the effectiveness of the selected sleep songs. They were eight classical music pieces and two contemporary piano pieces, which were spread over the mode-key clarity plane.
C. EXPERIMENTAL PROCEDURE
We recruited 25 subjects (12 males and 13 females). Their age range was 19 to 26 with a mean of 26.2, and a standard deviation of 4.3.
One of the main objectives of experiment II was to verify the consistency of the sleep induction effect of songs. Therefore, experiment II included two periods, each of which consisted of four days for the selected music groups, one day for instrumental music, and one day without music in the case of sleep, and four days for the selected music groups and two days with alarm sounds in the case of wake-up. Therefore, the experiment was implemented for 12 days. The orders of groups and songs were randomized for each subject.
The procedure of experiment II was the same to that of experiment I. The average lengths of the sleep music groups and wake-up music groups were 43.3 and 17.3 minutes, respectively. Table 6 shows the raw and normalized elapsed time to sleep for each music group. When the average sleep induction times are compared, all the groups significantly shortened the sleep induction time in comparison to the case without music, which confirms the finding of experiment I. When the normalized sleep induction time is compared, groups 1 and 4 appear effective, even more than instrumental music. In particular, group 4, containing songs with major keys and low key clarity, appears the most effective for sleep.
D. RESULTS AND ANALYSIS
We additionally conducted statistical comparison of each pair of groups via paired t-tests. Table 7 shows the p-values of the paired t-tests, which highlights that the instrumental music, group 1 (major key and high key clarity), and group 4 (major key and low key clarity) significantly reduced the sleep induction time in comparison to the case without music. In particular, the best performing group, i.e., group 4, also shows statistically significant difference from groups 2 and 3.
Furthermore, we compare the sleep induction effect with respect to musical characteristics. The average elapsed times to sleep for the groups with major keys (groups 1 and 4) and with minor keys (groups 2 and 3) are 8.57 and 15.74 minutes, respectively, which is found to be significantly different via a paired t-test at a significance level of 0.05 (p-value of 0.028). The groups with high key clarity (groups 1 and 2) and those with low key clarity (groups 3 and 4) show average sleep induction times of 12.60 and 10.33 minutes, respectively, which are not significantly different at a significance level of 0.05 (p-value of 0.221). Fig. 7a , which shows the effectiveness of individual songs, accords with the t-test results. Most of the sleep songs with high effectiveness are located in the major key region whereas the songs with low effectiveness are mainly in the minor key region. The sleep songs with low effectiveness tend to have low key clarity values, while the highly effective sleep songs are distributed over a wide range of the key clarity.
We examine the consistency of the effectiveness of the sleep songs. Fig. 8 shows the average sleep induction time of each group for the first and second periods. It is observed that the ranking of the groups is almost preserved in the two periods. The Pearson correlation coefficient between the normalized sleep induction times of the two periods is 0.753, indicating a high level of consistency of the relative effectiveness of the sleep songs.
The average elapsed time to wake up was 3.06 minutes, which is even shorter than the typical length of a single song. Therefore, we conduct analysis of the wake-up songs only in terms of the effectiveness score of individual songs.
The effectiveness score of each song, which is calculated using (1) , is presented in Tables 8 and 9 for sleep songs and wake-up songs, respectively. The instrumental music received high effectiveness scores, and the songs of group 4 also obtained high scores, which is consistent with the group-based result. For the wake-up songs, more than a half of all songs received the effectiveness score of one, which indicates that most of the selected songs work perfectly for waking up. In particular, group 1 (major key and high irregularity) shows the best performance.
In summary, we can conclude experiment II as follows. It was re-validated that some types of music were effective for sleep and wake-up. Overall, the songs with major keys are effective for sleep induction. The relative effectiveness of the four sleep music groups was fairly consistent over the repetition. In the case of wake-up music, the songs with major keys and high irregularity were the most effective.
VI. APPLICATIONS TO PERSONALIZED MUSIC RECOMMENDATION
In this section, we present two use cases to demonstrate how the results obtained in our experiments can be applied personalized music recommendation. While we analyzed the effectiveness of music for sleep in an overall sense in the previous sections, we note that personalization is a key to success for real-world applications. In the first use case, we build a system that recommends sleep songs to a user based on the musical features of candidate songs and the user's condition during the day. The second use case constructs a collaborative filtering system where the similarity between users is used to perform sleep song recommendation.
A. FEATURE-BASED RECOMMENDATION
Our feature-based recommendation system tries to suggest sleep songs for a particular user based on the following two factors. First, the musical features of candidate songs (i.e., tempo, mode, and key clarity) are used, based on our experimental finding that musical features play an important role in determining the effectiveness of songs. In addition, the user's daily condition is employed in order to accomplish personalized recommendation, which is obtained from the results of the questionnaire conducted before sleep and the activity information recorded by the smartwatch during the day. Table 10 shows the questionnaire that was designed based on [29] , which mainly assessed the daily stress level of the user. The answers to the questions were binary, i.e., ''Yes'' or ''No'', which is converted to 1 or 0. The activity information included the maximum/average/minimum heart rate and total number of steps.
We pose a binary classification problem where the recommendation system determines whether a song will be effective to the user (i.e., non-zero effectiveness score) or not based on the musical features and user condition. We consider a user-dependent classification scenario, where a recommendation system is built for each user separately. Using the data obtained in experiment II (after excluding three subjects with incomplete data), we employ the support vector machine (SVM) technique using the LIBSVM toolbox [30] to learn the relationship between the features and the effectiveness. A radial basis function kernel is used in the SVM, and the penalty parameter and the width of the radial basis function are optimized by a grid search with the training data. The performance of the system is evaluated using the leave-one-out cross-validation scheme. Since the dataset is unbalanced, the balanced accuracy is used to measure the performance, which is defined as balanced accuracy = 1 2
where A and B are the numbers of songs that are predicted as effective and non-effective by the system, respectively, and a and b are the numbers of songs that are successfully predicted, respectively. Fig. 9 shows the obtained balanced accuracy for each user. It can be observed that for more than a half of subjects (12 among 22), the system performs successfully by showing accuracy larger than random chance (i.e., 0.5). This demonstrates the potential of the personalized sleep music recommendation system that is adaptive to the user's daily stress and activity conditions. 
B. COLLABORATIVE FILTERING-BASED RECOMMENDATION
The basic idea of collaborative filtering is to predict a user's interests based on the tastes of other users. In our case, the taste of a user is defined as the effectiveness of a sleep song for the user. We consider a simple collaborative filtering-based sleep song recommendation scenario as follows. For a target user, the other users having similar tastes are identified, i.e., those who show large overlaps in terms of effective songs. Then, the songs that were effective for the similar users are recommended to the target user.
For experiment I, the first 70% of the experiment duration is considered as the training phase, and the rest as the test phase. For the data in the training phase, the Jaccard similarity is computed for each pair of users:
where M 11 represents the number of songs that were effective for both users, and M 10 and M 01 are the numbers of songs that were effective for only one user. For each target user, top-4 users having the highest Jaccard similarity scores are identified as similar users. Then, the songs that were effective for the four similar users during the training phase and were listened to by the target user during the test phase are considered as recommended (and tested) songs for the target user. Among them, the proportion of the songs that were also effective for the target user is obtained. For comparison, we consider the songs in the test phase as the results of random recommendation. In total, the proportion of successful recommendation by collaborative filtering is obtained as 63.16%, whereas the random recommendation records a success rate of 59.00%, which shows that the collaborative filtering approach can improve the recommendation performance.
In addition, Figure 10 shows the difference of the success rate between collaborative filtering and random recommendation. While the difference varies depending on users, more users benefit from collaborative filtering-based recommendation than random recommendation (9 vs. 7 users).
VII. CONCLUSION
In this paper, we presented our extensive experimental study of the effects of pop music on sleep and wake-up. We designed the dedicated hardware and software environments in order to implement our experiments in a real-world condition. Our findings obtained in the two experiments can be briefly summarized as follows. Certain types of pop songs with lyrics are helpful for sleep induction and wake-up of young adults without sleep disorder. For both cases, the tempo is the most important factor, and the mode is also an influential factor. The key clarity and irregularity also play a role in determining the effectiveness of a song for sleep and wake-up, respectively. Furthermore, we demonstrated that our findings can be successfully applied to personalized sleep song recommendation through two use cases.
Based on our work, there exist several additional research directions that could be addressed in future work. First, there are other musical features that may contribute to determine the effectiveness of a song for sleep or wake-up, e.g., genre, used instruments, lyrics content, etc., which would be interesting to explore. Second, the effect of music for sleep and wake-up could be analyzed with respect to personal features (e.g., gender, personality, etc.). Third, the musical tastes of individuals may have influence on the effectiveness of a certain song for sleep or wake-up, which would be worth investigating. Fourth, it would be interesting to examine how a user's internal state (e.g., emotion, alertness, etc.) changes along the course of music listening during sleep induction via, e.g., electroencephalogram (EEG). 
